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ARTICLE INFO ABSTRACT
Keywords: Increasing amounts of renewable power make it difficult to balance supply and demand in the grid. European
Demand response Transmission System Operators invite consumers to participate in grid balancing through various demand

District heating

Ground Source heat pump
Energy storage

Frequency containment reserve
Linear programming

response mechanisms. Individual buildings can contribute to grid balancing by reacting to dynamic electricity
prices through implicit demand response. Buildings can also participate in explicit demand response programs,
for instance through the Frequency Containment Reserve (FCR) market. This study presents a novel linear
programming optimization model for implicit and explicit demand response operation of a building with a
hybrid energy system including a ground source heat pump, district heating, power storage, heat storage, and
which participates in the daily FCR market. The model is applied to the retrofit planning of an office building in
subarctic Helsinki, Finland. The study compares four potential configurations, with and without power storage
and with and without FCR trade. Results show that for the target building, FCR trade can save yearly about 3 %
of the energy costs. Power storage was found to be cost-efficient only in conjunction with FCR trade.

Restoration Reserves with manual activation (mFRR), and Replacement
Reserves (RR) [3]. In addition to these reserves, fast frequency reserve
(FFR) was introduced to the Nordics in 2020 to prevent low inertia
situations [5,6]. FCR is an automatically activated power reserve that is
used for constant control of grid frequency and quick disturbance
response [7]. In the Nordic power system, TSOs use two different FCR
resources: Frequency Containment Reserve for Normal Operation
(FCR—N) also known as primary control reserve, and Frequency
Containment Reserve for Disturbances (FCR—D) [8]. FCR-N is the first
response to frequency deviations, used constantly to keep the grid fre-
quency within 0.1 Hz from the nominal 50 Hz. The Finnish TSO, Fingrid,
procures FCR resources from domestic yearly and hourly markets, and
neighboring countries [9].

A relatively new group of consumers that can participate in the FCR-
N market are buildings. Buildings can contain a wide variety of energy
systems. In particular, buildings with hybrid energy systems including
different forms of heat and electricity production and storage systems
are interesting actors in the FCR-N capacity market, as the flexibility
offered by the hybrid system allows consumption to be rapidly adjusted
up and down without severe impacts to building operation or comfort.

1. Introduction

Increasing integration of intermittent renewable energy sources in
the power systems makes it difficult to balance supply and demand in
the grid [1]. As power production is becoming less controllable, demand
needs to become more flexible through various demand response
mechanisms [2,3]. Implicit demand response means that consumers are
encouraged to adjust their demand in reaction to price signals, such as
dynamic power pricing. Explicit demand response denotes committed,
dispatchable consumer flexibility facilitated through a marketplace
operated, for instance by a Transmission System Operator (TSO).
Recently, European TSOs have invited consumers to participate in grid
balancing through different explicit demand response mechanisms [4].

Lack of power production to match the momentary demand de-
creases the grid frequency, and similarly, excess production increases
the frequency. European TSOs use five different mechanisms to balance
the system and restore the nominal 50 Hz grid frequency: Frequency
Containment Reserve (FCR), Imbalance Netting (IN), Frequency Resto-
ration Reserves with automatic activation (aFRR), Frequency
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Nomenclature

Abbreviations

COP The coefficient of performance of a heat pump
DH District heating

DR Demand response

FCR Frequency Containment Reserve

FCR-D  Frequency Containment Reserve for Disturbances
FCR-N  Frequency Containment Reserve for Normal Operation
HP Heat pump

HS Heat storage

LP Linear programming

MILP Mixed integer linear programming

MW Megawatt

MWh Megawatt hour

PP Power purchase from the grid

PS Power storage

Indices and index sets

t Time index (hour), t=1, ... T

u Index for energy supply and storage units

* Superscript for the optimized value of decision variable

CONST  Superscript for constant cost term in the objective function

H Sub/superscript referring to heat

MAX Superscript for an upper bound of a variable

MIN Superscript for the lower bound of a variable

P Sub/superscript referring to electric power

S Set of energy storages (heat, power)

U Set of energy supply units (contracts or production units)

Symbols

cur, €/MWh  Price coefficient for operation of energy supply unit u in
period t

cMAX . Price per capacity (annuity) for energy supply unit u

(€/MW) or for storage u (€/MWh)

cCONST '€ Constant term for the fixed costs (annuity) of energy supply
unit u

cfR, €/MW Market price on daily FCR-N market for capacity in
period t

Xyr» MW Operating level of energy supply unit u in period t

xfip,, MW Heat pump heat production rate in period t

XMAX MW Capacity of energy supply unit u

EFCR, MWh Net FCR-N activation energy in period ¢

PFCR MW Maximum FCR-N activation power in period t

PFCRBID MW Bid for FCR-N capacity in period t

PFCRHP MW  Change in HP power due to FCR-N activation in period t

PICRPS MW  Change in PS net charge rate due to FCR-N activation in
period t

PFRX MW Unsupplied FCR-N capacity (activation power) in period
t

sut, MWh Storage level of storage u at the end of period t

sMAX MWh Storage capacity of storage u

s, MW Storage charge rate of storage u in period t

sINMAX MW Storage maximum charge rate of storage u

sQUT, MW Storage discharge rate of storage u in period ¢

SQUTMAX MW Storage maximum discharge rate of storage u

TFR, h  Utilization period for maximum FCR-N activation in period

t

ns, 1 Storage efficiency of storage u, to model self-discharge per
period

nN, 1 Efficiency for charging storage u

n9UT, 1 Efficiency for discharging storage u

Ngpys 1 Heat pump efficiency (COP-factor)

O 1 Safety margin for FCR-N bidding in hour t of day

In this study, we consider a building with a hybrid energy system
consisting of power purchase from the grid (PP), a ground source heat
pump (HP), district heating (DH), power storage (PS), and heat storage
(HS). We study the optimal sizing and operation of the hybrid energy
system subject to dynamic power price and participation in the Finnish
daily FCR-N market. We apply a novel linear programming (LP) model
to an existing office building in the subarctic Helsinki, Finland. The
presented methodology is general and can be applied to buildings with
different energy technologies and energy forms in different climate
zones.

1.1. Related research in the field and novelty of this study

Table 1 outlines various technologies and their applications in the
context of Frequency Containment Reserves (FCR) and other ancillary
service markets. The studies focused on different building energy loads
and technologies [10-15], and the participation of specific technologies
in FCR markets including their utilization, simulation, and optimization
[7,16-33]. With rapid electrification, some studies explored using
electric vehicles (EVs) for household or explicit demand response,
treating EVs as power storage with limited availability. Other studies
investigated the utilization and simulation of building energy loads for
demand response in FCR, including elevators, escalators, battery storage
systems, electric boilers, reused EV batteries, and combined heat and
power facilities with PV and energy storage devices. One study focused
on air-conditioning loads in buildings through demand-side manage-
ment [44], while another proposed optimal demand-side management
for EVs and energy storage systems (ESS) in grid-connected buildings.

An optimization model for hybrid building energy systems in energy and
ancillary service markets was also studied. Additionally, a joint-
optimization method for household prosumers with PV, EV charging,
batteries, and power converters was explored for improved economic
feasibility in Spain [7]. A review of business models in Finnish pilot
projects for FCR market participation highlighted the role of district
heating in providing balancing services in the EU [34].

The related research articles cover the utilization of building energy
loads for explicit demand response using various models and simula-
tions, including the Shepherd model in MATLAB/Simulink for
household-prosumer markets, two-stage optimization for industrial
settings, and comprehensive reviews for non-residential buildings.
Scenario-based stochastic [13] models were applied for the residential
sector, and experimental simulations [14] were conducted for real
buildings, such as a 12-story structure. Hybrid building energy systems
were analyzed through real-time TRNSYS-MATLAB co-simulation [15]
for day-ahead joint energy and ancillary service markets. District heat-
ing's potential contribution to FCR in EU countries was reviewed [33],
and mixed-integer linear programming (MILP) models [18,24,29,33,39]
were used for elevator and escalator energy loads [18,19]. Battery en-
ergy storage systems, electric boilers with battery storage
[21-24,27,28], stationary battery systems, and reused EV batteries were
also simulated for FCR market participation.

The studies explored optimization models for combined heat and
power facilities with PV and energy storage devices, aggregated resi-
dential heat pumps, and hybrid battery systems in aFRR markets [30].
Virtual power plants [31] for distributed energy resources, scenarios for
heat pumps in district heating [32], and the operation of district heating
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Table 1

Main findings of the related research.

Reference /

Objective

The area of use and

Location or

Year Methodology or/and Environment or
Model Study Type
Hernandez J. The utilization Household-prosumer MATLAB/
Cetal. and simulation market/Shepherd model ~ Simulink
[10]; 2019 of various for power storage environment
building energy
loads for
explicit demand
response in FCR
Urbano E.M The utilization Industrial settings / LP Analytical Study
etal. [11]; and simulation (two-stage
2021 of various optimization)
building energy
loads for
explicit demand
response in FCR
Wang H et al. The utilization Non-residential Hong Kong/
[12]; 2019 and simulation buildings Comprehensive
of various Review
building energy
loads for

Farrokhifar M
et al. [13];
2020

Rotger-Griful
Setal
[14]; 2016

Tang H et al.
[15]; 2021

Ramos A et al.
[16]; 2021

Boldrini A
etal. [17];
2022

Gomez-
Gonzalez M
etal. [7];
2019

Tukia T et al.
[18]; 2018

explicit demand
response in FCR
The utilization
and simulation
of various
building energy
loads for
explicit demand
response in FCR
The utilization
and simulation
of various
building energy
loads for
explicit demand
response in FCR
The utilization
and simulation
of various
building energy
loads for
explicit demand
response in FCR
Review of
different
business models
applied to
various pilot
projects that
could
participate in
the FCR market
The technical
potential of DHs
to contribute to
frequency
containment
reserves (FCR)

Participation of
specific
technologies in
FCR markets

Participation of
specific
technologies in
FCR markets

The residential sector

Real 12-storey building

Hybrid building energy
systems participating in
day-ahead joint energy
and ancillary service
markets

Buildings in Finland that
could participate in the
FCR market

District heating

Joint-optimization
method for the sizing
and power management
of a household prosumer
with photovoltaics (PV),
EV charging, battery
bank, household
consumption, and
power converters

Elevators/ MILP/
Stochastic model

Scenario-based
stochastic model

Experimental
simulation model

California (United
States) Real-time
TRNSYS-MATLAB
co-simulation

Finland

Review of EU
countries

Spain

The simulation
was performed for
each hour of the
day for two-day
types: weekdays
and weekends

Table 1 (continued)
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Reference /
Year

Objective

The area of use and
Methodology or/and
Model

Location or
Environment or
Study Type

Uimonen S
etal. [19];
2019

Fleer J et al.
[20]; 2018

Melo S-Petal.
[21]; 2018

Kaschub T
et al. [22];
2016

Casals L.C
et al. [23];
2019

Pandzic P
et al. [24];
2020

Wang F et al.
[25]; 2018

Posma J et al.
[26]; 2019

Lesage-
Landry A
et al. [27];
2020

Astero P &
Evens C
[28]; 2020

Vannoni and
Sorce [29];
2024

Cremoncini D
et al. [30],
2024

Subramanya
Retal.
[31]; 2021

Terreros O
et al. [32];
2020

Participation of
specific
technologies in
FCR markets
Participation of
specific
technologies in
FCR markets

Participation of
specific
technologies in
FCR markets
Participation of
specific
technologies in
FCR markets
Participation of
specific
technologies in
FCR markets
Participation of
specific
technologies in
FCR markets

Participation of
specific
technologies in
FCR markets

Participation of
specific
technologies in
FCR markets

Participation of
specific
technologies in
FCR markets

Participation of
specific
technologies in
FCR markets

Participation of
specific
technologies in
the ancillary
service market

Participation of
specific
technologies in
FCR markets

Participation of
specific
technologies in
FCR markets

Participation of
specific
technologies in
FCR markets

3000 commercial and
transportation
escalators

Battery energy storage
system. The bidding
strategies use a
fundamental Primary
control reserve price
forecast model
Electric boiler with
battery

Stationary battery
systems/Optimization
model

Reused electric vehicle
batteries in buildings/
FRR market simulation

Battery storage as a
price taker in the aFRR
market /MILP by using
the
Karush-Kuhn-Tucker
optimality conditions
Combined heat and
power facility with
other technologies like
photovoltaics with
energy storage devices
(electric and thermal)/
Optimization model

Aggregated residential
heat pumps/
Optimization model

Battery energy storage
and water tank/Two-
level algorithm for
managing building
energy consumption
under uncertainty
Battery storages/
Optimized bidding
strategy and online
control methods of
battery storage systems
A combined cycle gas
turbine/MILP
formulation and a
machine-learning
algorithm

Hybrid battery energy
storage system in a
combination of lithium-
ion (Li-ion) and
vanadium redox flow
batteries (VRFB) with
participation in
automatic frequency
restoration reserve
(aFRR) markets/ MILP

Virtual power plant for
distributed energy
resources

Heat Pumps in District
Heating

Model Simulation

The German
model projection
to the Great
Britain

Germany/A
simulation model
in MATLAB

Germany

The public library
near Barcelona
(Spain)

Model for the
European market
based on the
German market

YALMIP toolbox
in MATLAB

Netherlands/The
model has been
developed in
Python

Melbourne
(Australia)

Helsinki area
(Finland)

Montecarlo
approach based on
historical data

Danish Power
Market

Northern
European
shopping center
(Finland). Not
specified.

Australia/ the
state-of-the-art
and future

(continued on next page)
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Table 1 (continued)
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Reference / Objective

The area of use and

Location or

Reference / Objective

The area of use and

Location or

Year Methodology or/and Environment or Year Methodology or/and Environment or
Model Study Type Model Study Type
scenarios based on the Archimedean copula  for EV FCR profile
assumtions family estimation
Bi-level model is Astero P & Using electric EVs are used as Empirical
reformulated into Evens C vehicles (EVs) conventional power charging data of
A . mathematical [41]; 2021 in household or  storage when connected  public electrical
District heating . . . . .
program with explicit demand  to a home charge vehicle charging
system that acts L . e . R
Tan J et al. as a prosumer District heating system equilibrium response stations in
[33]; 2022 artilZi ating in /An LP/MILP model constraints settings Helsinki (Finland)
feserv:mariets (MPEC) based on Einolander Using electric EV battery to the grid Real-world data
Karush-Kuhn- et al. [42]; vehicles (EVs) (V2G); EV to the (Finnish
Tucker (KKT) 2021 in household or household (VTH) company)
conditions explicit demand
The operation response
of a District settings
Heating Individual charging
Network in Using electric events based on
multiple energy  District heating Einolander Yehlcles (EVs) technical requirements Real-world data
. markets, networks (DHNs) in household or of the frequency -
Javanshir N . R . et al. [43]; . R (Finnish
. covering the equipped with power- . explicit demand ~ containment reserve for
et al. [34]; Finland 2022 N . . company)
2023 day-ahead and to-heat (P2H) response disturbance situations
intraday technologies and settings (FCR—D)
electricity thermal storage /Deterministic model
markets, and Participation of
various specific loads in
i buildi in th i '
balancing Utama Cet al. u ch.n 55 in the Air-conditioning loads Singapore's
markets electricity . o Downtown Core/
[44]; 2020 in buildings N
The market through The Python script
L Denmark/A real- )
participation of time control demand-side
Iov F et al. power-to-heat Smart Grid Architecture hardware-in-the bidding
[35]; 2020 (P2H) units in Model (SGAM) loop laborator Simulation /
the ancillary p y . Building stock Based on the building Regina (the
. environment Stanislow L . ! .
service markets et al. [45]; model to an model city-scale load capital city of the
The 20 24 o electricity curve creation in Canadian
aggregator's system model EnergyPlus province of
mcorneI . The robust OCC model, . . Saskatchewan)
maximizing The Electric Nearly optimal
. . a robust LP model S . .
Lotfi et al. from vehicle-to- . Reliability Council demand side
. . (RLP), is simulated 3
[36]; 2024 grid by R of Texas (United management
S using the CPLEX solver
contributing to . States) for controllable
. in GAMS software . . .
the ancillary electric vehicles ~ Thermostatically
services Korkas et al. and energy controllable EV loads Not specified
markets [46]; 2022 storage systems simulated and modelled P
Day-ahead for energy in Energy Plus
bidding and efficient
real-time operation of
scheduvlmg Electric vehicle battery Pennsylvania, grl.d —clonnected
Wang and strategies for . R buildings
Hou [37]; battery swapping stations Jersey, and
2024 ’ swappin (BSS)/ information-gap Maryland (United
_p ping decision theory (IGDT) States)
stations to
participate in
frequency
regulation networks with power-to-heat (P2H) technologies [34] and thermal
Electri hicl . . . .
bi;;t;; ‘1’: t;f'ee storage [35] were investigated. Smart Grid Architecture Models (SGAM)
German for market participation and reviews of business models for building
Se;’,:f] e;glz ,  frequency Electric vehicle Germany participation in FCR markets [45] were included. Strategies for vehicle-
Y containment to-grid (V2G) aggregators [36,42], battery swapping stations [37],

and restoration
reserves market
Using electric
vehicles (EVs)

Einolander J in household or

et al. [39]; ..

2023 explicit demand
response
settings

Using electric

Einolander J vehicles (EVs)

& in household or

LahdelmaR  explicit demand

[40]; 2021 response
settings

MILP model

Multivariate copulas:
the Gaussian (Normal)
and Student-t copulas
from the elliptical
copula family; and
Clayton, Frank, and
Gumbel copulas from

electric vehicle bidding [38], and using EVs in household demand
response settings [39-43] were also studied. Finally, nearly optimal
demand-side management for controllable electric vehicles and energy

Real-world data
(Finnish
company)

storage systems in grid-connected buildings was proposed [45,46].
These studies provide insights into optimizing and managing various

energy technologies and loads for effective participation in FCR and

Real-life data
(Finnish
company) and
through
comparison with a
previous non-
copula application

settings.

other ancillary service markets across different environments and

None of the earlier studies have considered the overall optimization
of sizing and operation of the hybrid energy system of a building
including power and heat storages and participation in the FCR market.
This signifies a considerable research gap. Additionally, the cost effi-

ciency of power storage in buildings together with the FCR trade has not
been assessed in previous studies. This study's novelty is optimizing
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energy solutions for buildings with a hybrid energy system that includes
several energy technologies commonly used in Finland and that
participate in the daily FCR-N market. Based on a model for optimal
sizing and operation of building energy supplies and storages we
determine the hourly FCR-N potential. Then we developed a novel LP
model with hourly time resolution to simulate optimal FCR-N operation.
The methodology is used to evaluate the cost-efficiency of FCR-N trade
with different building energy system configurations. The LP model is an
extension of a previous LP/MILP model for optimizing the configuration,
sizing, and operation of a building energy system without FCR trade
[47,48]. The previous study showed that in Finland district heating (DH)
can work cost-efficiently in synergy with a ground source heat pump
(HP) and this combination benefits significantly from heat storage (HS),
but investment in power storage (PS) is far from cost-efficient. Another
goal of the current study is to evaluate if FCR-N trade can make a PS cost-
efficient for the target building. Overall, this study aims to bridge the
research gap of previous studies while providing actionable insights to
industry stakeholders about the cost-efficiency of different building
energy system configurations and explicit demand response operation.
This paper is structured as follows. In Section 2 we present the target
building and the input data. In Section 3 we describe the methodology
developed and applied in this study. In Section 4 we present the results
on four configurations of the building energy system. Section 5 describes
model validation. Section 6 contains conclusions and suggest directions
for future research.

2. Case description
2.1. The target building

The target is an existing office building located in Helsinki, Finland.
Currently, the building is heated by DH, and the HVAC systems have
been designed to maintain good thermal comfort according to the
building code. In this study, we consider retrofitting the building to
include ground source HP, HS, and optional PS. HP is variable speed
with an inverter drive unit allowing intake power to be adjusted freely
[49]. The HS is a large insulated hot water tank, and the PS is a lithium-
ion battery due to its fast response; thus, is more suitable for short-term
storage and regulation [50]. Table 2 summarizes building properties.

Fig. 1 presents the hourly heating and power demand of the target
building for the year 2020. Heat demand is low in the summer period,
and shows typical variation depending on outdoor temperature, time of
the day, and day of the week. Power demand is more stable throughout
the year but with significant daily and weekly variations according to
office hours.

2.2. Hybrid energy system of the target building

Fig. 2 illustrates the hybrid energy system for the building. The heat
balance combines DH and HP heat sources with building heat demand
and charge & discharge of the HS. The power balance combines PP from
the grid with power consumption of the ground source HP, power de-
mand for the rest of the building, and charge & discharge of an optional
PS. This implements the energy community model, where all power de-
mand is pooled together [47,51]. The energy community model is
beneficial for FCR-N trade because it gives more flexibility to regulate

Table 2
General target building data (heating and power data in 2020).
Office building General data

Location Helsinki
Gross area 22,771 m?
Net area 18,522 m?
Annual average heating demand 1354 MWh
Annual average power demand 1159 MWh

Journal of Energy Storage 102 (2024) 114108

power consumption when FCR-N capacity is activated.

2.3. Input data

Table 3 presents cost information for this study. All prices include 24
% value added tax (VAT). Fixed costs for local technologies consist of
investment costs per capacity (€/MW for HP, €/MWh for HS and PS) as
an annuity with a 4 % interest rate and lifetime specific for each tech-
nology. The PS costs and other parameters are based on Tesla Powerpack
[52]. Fixed costs for energy supply contracts (DH, PP) are the annual
contract fees per capacity (€/MW). DH costs were calculated from the
pricelist of Helen Ltd., which is the energy company of Helsinki. Power
purchase from the grid (PP) has three price components, yearly constant
fee (€), yearly capacity fee (€/MW), and energy fee (€/MWh). The en-
ergy fee is the Nord Pool hourly Elspot price plus electricity tax (22.53
€/MWh), distribution fee (32.8 €/MWh), and distributor margin (2.4
€/MWh) [53].

2.4. Power grid stability and FCR

FCR aims to keep the frequency of the power grid at the nominal 50
Hz frequency by regulating various power reserves up or down. Up-
regulation means increasing power production or decreasing consump-
tion to increase the grid frequency. Similarly, down-regulation means
decreasing power production or increasing consumption to lower the
frequency.

FCR is divided into two instruments, FCR-N for ‘Normal’ operation
and FCR-D for more severe ‘Disturbances’. FCR-N is a symmetrical
product for both up- and down-regulation. This means that the provider
of FCR-N resources must offer equal capacity for up- and down-
regulation. FCR-N is the first response to frequency disturbances, and
it is activated gradually when the frequency falls below 49.99 Hz or rises
above 50.01 Hz. Fig. 3 shows the control curve for activation of FCR-N as
a function of grid frequency. FCR-N resources are fully activated when
the frequency falls below 49.9 Hz or rises above 50.1 Hz. The FCR-D
resources activate in more extreme frequency disturbance situations
after full activation of FCR-N [4].

In Finland, different reserve units such as power plants, consumption
resources and energy storages, can participate on Fingrid's FCR-N mar-
ket if they comply with the technical requirements, and pass the
prequalification process described in [58]. In this process, system step
response to +0.1 Hz frequency deviations are measured. Full activation
must be observed within 3 min of the simulated signal. Also, re-
quirements for linearity of activation are defined. During operation, the
FCR-N provider records actualized regulation with a time resolution less
than or equal to 1 s and with a time stamp that should be synchronized to
CET or UTC with high accuracy.

The pilot projects (2016-2020) described in [16] tried different
business models to participate in the FCR market with building energy
system technologies. Earlier pilots by Fingrid include using industrial
freezers [59], residential electric space heating, hypermarket loads, and
reserve generators in FCR. Currently all similar loads and load aggre-
gators can participate on Fingrid's FCR marketplaces [60].

Fingrid acquires FCR-N resources from yearly and daily FCR-N
markets based on bids from different actors. To acquire necessary
hourly FCR-N capacity, Fingrid accepts bids in price-order, and all
accepted bids are paid the price of the highest accepted bid for the hour
(cf€R). Bidding on the yearly market is done at the end of the previous
year. Bidding on the daily market is done in the evening of the previous
day by 18:30, and the accepted bids will be confirmed by 22:00 [61].
The bids must be made at 0.1 MW increments, and 0.1 MW is also the
minimum bid size. However, several small actors can be aggregated
together to reach the minimum bid size and increment.

In this study, we consider a building participating on the daily FCR-N
market, and assume that bids are aggregated, allowing us to disregard
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Fig. 2. Energy system for target building.

the 0.1 MW minimum bid and bid increment. Fig. 4 illustrates the FCR-N
market in 2020. The first diagram shows the hourly market price on the
daily market (€/MW), the second diagram shows the combined accepted
bids from the yearly and daily markets (MW), and third diagram is the
activated energy (MWh) for each hour. Average price on the 2020 daily
FCR-N market was 21.19 €/MW, peak price was 160 €/MW, and lowest
price was 1 €/MW. The activated energy is the hourly net activation
where positive value indicates up-regulation and negative is down-
regulation [60].

3. Methodology

The methodology for optimizing the building energy system with
FCR-N consists of three phases:

1. Solve yearly planning model without FCR—N: The different energy
solutions for the building are optimized without FCR. This is done
using a yearly LP/MILP model that optimizes simultaneously the
configuration, sizing, and operation of energy supply and storage
units.

2. Estimate hourly FCR-N potential to make bids: For each day of the
year a daily operative model is solved to determine optimal opera-
tion without FCR—N. Then, for each hour, the flexibility of the

building to decrease or increase PP is analyzed to estimate the FCR-N
potential for bidding on the daily FCR-market.

3. Daily operation with FCR-N activations: Daily operation of the
building energy system with FCR-N is optimized for each hour of the
day assuming maximal FCR-N bids.

In the following, we describe these phases in more detail.
3.1. Yearly planning model without FCR-N

The yearly planning model is an adaptation of the model presented in
[47]. Based on historical or predicted hourly demand and price infor-
mation, the model simultaneously solves the optimal configuration,
sizing, and hourly operation of the building energy system by mini-
mizing the combined fixed and operative costs. Yearly fixed costs for PP
and DH contracts depend on corresponding capacity limits. Yearly fixed
costs for HP, PS, and HS consist of investment costs per capacity as an
annuity. The configuration (which technologies to include in the
building) was in this study pre-set, i.e., there was no need to use MILP to
optimize the configuration, and a pure LP model was enough. The
adapted model is presented in Appendix A.
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Table 3
Input data for the model.

Description / Investment Annuity Investment  Lifetime  Reference

Capacity cost factor (4 as annuity years
%)
Investment costs

HP /0.15 1,300,000 € 0.090 116,923 € 15 [54]
MW

HS/ 2.0 5376 € 0.074 396 € 20 [55]
MWh

PS/0.1 385,000 € 0.123 47,467 € 10 [52]
MWh

Annual costs

DH capacity - - 15,053 - [56]
cost,
€/MW

DH constant - - 2528 -
cost, €

DH price in 65.92 62.19 34.87 63.62
2020, 1.1.-29.2. 1.3.-30.4. 1.5.-30.9. 1.10.-
€/MWh 31.12.

Power market price

Description Average Min Max Reference

Elspot price, 28.02 -1.73 254.44 - [57]
€/MWh

3.2. Hourly FCR-N potential and bidding

Hourly FCR-N potential is estimated one day at a time. First, an
operative daily model without FCR-N is solved based on predicted heat
and power demand, and power price. The operative daily model is ob-
tained from the yearly planning model (Appendix A) by fixing the
configuration and sizing of the building energy system and restricting
the time horizon to 24 h. HS and PS storage levels at the beginning and
end of the day are fixed half-full (or half-empty).

The FCR-N potential for each hour is then evaluated by calculating
how much PP from the grid can be decreased in case of up-regulation or
increased in case of down-regulation. Fig. 5 illustrates how the energy
system can react to FCR-N activation by adjusting the HP or PS opera-
tion, or both, when necessary, but without affecting power consumption
for the rest of the building. Adjusting HP operation will further affect the
heat balance of the building, and this should be compensated by DH and
HS. In practice, the DH contract is a little over-sized so that it can always
compensate for a small amount of lacking heat. On the other hand, a
small amount of excess heat will either fit in the heat storage or can be
allowed to overheat the building for a short time without noticeable
effect. Therefore, DH and HS are ignored when estimating the FCR-N
potential.

Journal of Energy Storage 102 (2024) 114108

The operative daily model determines for each hour t the optimal PP
Xppt, HP operation xgp,, PS charge rate sgg;MAX, discharge rate sgSU TMAX
net charge rate siso"” (= charge rate minus discharge rate), storage level
sps: and other variables. These quantities are used for estimating the
hourly up- and down-regulation potential.

Up-regulation potential is computed as.

)/

CR — 107 . : OUT;MAX INOUT . ,,OUT IN FCR
ng;z—mm Xpp;t; Xpp; MU Spg +sf»’$;t Mps SPS:t_SIPMs;z T

€8]

Here, up-regulation potential cannot exceed xpp, because PP cannot
be negative. Otherwise, the up-regulation potential is the sum of the
maximal decrease in HP power consumption (= xpp,) and maximal
decrease in PS net charge rate. Decrease in net charge rate is constrained

U

by maximal discharge rate spe' "**. In addition, the minimum storage
.MIN

level syi¥ restricts the discharged energy to sps; — syay - If the duration of

full FCR-N activa{ion is TfCR (fraction of an hour), then maximal PS

T MIN — TF CR
t

our
Sps;t — sps;[

discharge is 19¢ where npg" is discharge efficiency.
FCR-N providers with limited activation capacity must be capable of full
activation for at least 30 min [58]. Limited activation capacity refers to
storage-type units, that may become totally empty and therefore need
time to recover their charge state. Therefore, we use the value TFF = 0.5
h here.

The down-regulation potential is not constrained by PP capacity,
because the contract capacity limit x}¥4X is only monitored at an hourly
level, while full FCR-N activation occurs for a fraction of the hour. Thus,
down-regulation potential is iomputed by.

IN:MAX

CR . MAX _ . INOUT - IN _TFCR
PL G N =X = Xppy+min Spg T

_ MAX _ _
Spsit + Spsi —Spsit “NMps=1;
(2)

Here, the down-regulation potential is the sum of the maximal in-
crease in HP power consumption (= xM4X-xpp, ) and maximal increase
in PS net charge rate. An increase in the PS net charge rate is constrained

IN.MAX

by the maximal charge rate spg and free storage capacity spe; —

sps; considering charge efficiency n.

As the power storage level is fixed half-full at the end of the daily
model, only the heat pump contributes to the up and down-regulation
potential for the last hour. This means omitting the PS-related terms
in (1) and (2) for the last hour. Because up- and down-regulation ca-
pacity must be provided symmetrically in FCR-N trade, the FCR-N po-
tential is
PFCR;BID — min{PFCR PFCR}(l —q ) (3)

t - DOWN;t*+ UP;t t)-

Because earlier FCR-N activations within the day affect a little the
state (level of PS and HS) of the energy system for the remaining part of
the day, earlier FCR-N activations may reduce the FCR-N potential for

Injected power (%)

100 %
50 % Dead-band
49.99 - 50.01
—
0%
-50 %
-100 %
49.85 49.9 49.95 50 50.05 50.1 50.15
Frequency (Hz)

Fig. 3. The FCR-N activation as function of grid frequency.
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Fig. 4. Hourly FCR-N market price, accepted bids, and activated energy in the year 2020 [58].
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Fig. 5. Building energy system reaction to FCR-N activation.

subsequent hours. This cannot be considered in the FCR-N potential
calculations because it is impossible to know beforehand the amounts
and directions of FCR-N activations. Therefore, instead of bidding the
estimated full FCR-N potential, we may decrease the bids a little by a
safety margin 0, that is zero for the first hour of the day but grows for
subsequent hours. In this study we applied safety margins 0, = 1 %-(t-1)
for hours t = 1, ..., 24 of the day. We discuss the choice and effect of
safety margin in the results section (4.6).

In addition to capacity (MW), the bids specify the bid price (€/MW).
The bid price should be equal to or higher than the expected marginal
operating cost increase of the energy system when adapting to an FCR-N
activation. Simulation results show that this cost is in practice very low,
and we can assume bids to be accepted for every hour.

3.3. Duaily operation with FCR-N activation

FCR-N activation requires the building to adjust its power con-
sumption. Up-regulation means that PP from the grid must decrease, and
down-regulation means that PP must increase. Hourly activations are
simulated based on Fingrid's history data for hourly activated net energy
EFCR (Fig. 4, third diagram). EF°R is positive when up-regulation domi-
nates, and negative for down-regulation.

Actual FCR-N activations occur on a minute- or a second level, but
here we introduce a daily operational optimization model with FCR-N
that approximates FCR-N activations on an hourly time resolution.
Because up and down-activations are totally unpredictable before they
occur, and follow a different time resolution than the daily operational
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optimization model, we develop a special modeling technique to extend
the model with FCR—N.

Fig. 6 shows how minute-level activations are related to hourly
activated net energy and illustrates the modeling principle. The top di-
agram shows minute level frequency for a sample hour and corre-
sponding FCR-N activation that depends on how much the frequency
deviates from 50 Hz. The middle diagram presents the same frequency
and activation information sorted by activation. This illustrates the
down-regulation energy as an area below the zero-level, zero activation
in the dead-band [49.99 Hz, 50.01 Hz, Fig. 3] and up-regulation as the
area above the zero-level. Up-regulation area minus down-regulation
area is the activated net energy EF°R for the hour. The bottom diagram
illustrates how the FCR-N activation is represented in our model by a
rectangular block with area EFR. The height of the rectangle is the
accepted bid PFR® (maximum FCR-N power) and width is the utili-
zation period of maximum FCR-N power

Tf‘CR = EfCR/Pf'CR;BID: (4)

Because P;*"" is non-negative, T*% has the same sign as EF°® and is
negative for down-regulation. The rectangular activation shape can be
interpreted as the ‘worst case’ activation that is most difficult to react to,
because it requests maximal regulation to be activated at the last
moment within the hour. Therefore, if the building can respond to
rectangular FCR-N activation, it can also respond to an arbitrary minute-
level activation profile with the same net energy.

3.3.1. Constraints and decision variables
Next, we define the LP model for optimizing daily energy system
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operation with FCR—N. This model is an extension of the daily operative
model with additional decision variables and constraints. The main
decision variables are PR for each hour denoting FCR-N activation
power. Fixing each PF®R=0 yields the operative daily model without

FCR—N, while fixing PIR = PFCREID requests maximal activation for the
hour. Thus, the same LP model can optimize daily operation with and
without FCR-N trade only by adjusting the upper and lower bounds of
certain variables.

The model must make sure that both the activated FCR-N power
(MW) and energy (MWh) can be supplied during the hour. The activated
power is represented as a sum of three non-negative decision variables
that determine how the building energy system reacts to the activation:

PfCR = PfCR;HP +PfCR;PS +Pf'CR;X: (5)

Here PF®* is the change in HP power, P/®*S is change in PS net
charge rate, and Pf®* is unsupplied FCR-N capacity in case the
requested activation exceeds the flexibility of the energy system. Bounds
for the activation power variables are

PR = 0; (6)
FCRHP L. SMAX 3 1

0=P =M Xpp,; Xpp — Xppy s @)

0 < PFCRFS < min sINMAX _ sgggUT;*; SQURMAY S;I;gUT;* ; ®)

PfCR;X >0 (9)

The upper bound for HP regulation (7) is determined based on the
maximal up- and down-regulation from current operating level xj;,, that
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Fig. 6. Top diagram: Minute-level frequency and FCR-N activation for a sample hour; Middle diagram: Same information sorted by activation; Bottom diagram:

Representing the net activation at hourly time resolution.
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was obtained by solving the model without FCR—N. Similarly, upper

bound for PS regulation (8) is based on maximal down- and up-
regulation from current PS net charge rate spe

The optimized elect{ic energy purch%se x;P;t changes due to the FCR-
N activation by — TFCR ~pFCRHP 4 pICRPS™ ' o PP decreases when TFCR >
0 and increases when TFR < 0. For the HP the activation means that
electrical energy for the HP changes from earlier optimized value x;,P;t
by — TFRPFRHP gimilarly, for the PS, net charge rate changes by —

TFCRPECRPS gibstituting these into the hourly power balance constraint
(A.3), HP production constraint (A.4) and storage charge/discharge
constraint (A.9) in Appendix we obtain

Crer: 2s) ( ) Cnoure ps)
x;p;[_TfCR PfCR'HP‘FPfCR'PS _ xHP;t_TfCRPfCR,HP _ Si)l;JtOUT, _TfCRPfCR,PS :dp;t;

— * _ mFCRpFCRHP™ .
Xgp;t = Napye Xpp — T, Py ) an
INOUT;* _ mFCRpFCR,PS — N __ .OUT.
PS;t T[ Pf - sll?s;t SPS;t . (12)

Note that in (10) all FCR-terms cancel out, and the constraint be-
comes equivalent to the original energy balance constraint (A.3) with
PP, HP, and PS variables fixed: Xpp;y = Xpp., Xeip = Xjyper SoVT = Spass
Constraints (11) and (12) replace the original constraints (A.4) and
(A.9). The heat side of the model will adapt automatically to FCR-N

activation.

3.3.2. Objective function
FCR-N trade affects the revenues and operating costs in three ways:

e The activation of FCR-N diverts the building from optimal operation,
which in general results in slightly higher operative costs for the
overall time horizon. However, operating costs for individual hours
can be higher or lower.

e FCR-N market price is paid for accepted bids. However, if the full
amount of regulating capacity cannot be delivered, the revenue is cut
by non-delivered capacity.

« A penalty fee must be paid for the non-delivered capacity part.

The profitability of FCR-N trade depends on whether the revenues
from FCR-N trade exceed the increase in operative costs and possible
penalty fees. The costs and revenues are considered by adding the
following terms to hourly operating costs in (A.1):

(PFCR _ PFCR:X) — cFCR ( PFCR _ PFCR:X)

CfCR = — Cppy Tf‘CR + chR:XPI:CR:X:

(13)

The first term is change in PP costs due to FCR-N regulation, second
term is revenue from FCR-N trade, and third term is penalty for non-
supplied capacity. cpp, is hourly power price, cf® is the FCR-N market
price, and ¢/** is the penalty fee. Change in DH costs is automatically
considered by the model. According to the FCR-N contract, the penalty
fee is equal to cfR. However, FCR-N trade conditions allow delivery of
less than full capacity only in forcing situations. Therefore, instead of
applying the rather low penalty, the model applies a much higher pen-
alty to restrict non-delivery to forcing situations.

3.3.3. Optimization of daily FCR-N operation
Initially, FCR-N capacity for each hour of the daily FCR-N model is
fixed PFR=0 and optimized. (Fixing FCR-N capacity to zero makes the

10
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model equivalent to the daily model without FCR—N). Then, to optimize
the FCR-N activation, the model was modified and solved iteratively in
two steps for each hour t =1, ..., 24:

» Decision variables for earlier hours 1, ..., t-1 are fixed to previously
optimized values, as FCR-N activation during hour ¢t must not affect
the past operation. The model is also modified by fixing the PP
variable to the optimized baseline value xpp,= Xpp,, and fixing FCR-N
capacity to accepted bid power PFCR = pFeRBID,

e The modified model is solved for the remaining hours ¢, ..., 24 to
optimize the FCR-N activation for hour t in terms PLR#P | pFCRPS 'and

PFCRX (5.

10)

This method resembles the idea in the sliding time window method,
where a longer time horizon model is solved to get optimal solution for a
shorter time span [62]. This scheme is implemented using the LP2 linear
and mixed integer programming software [63]. LP2 supports re-
optimizing a model efficiently in-memory, while fixing variables to
different values between optimizations. All optimization runs were
performed in an efficient Windows PC.

4. Results and discussion

We present first results on sizing the building, then operating costs in
different configurations, followed by details on power and heat side
operation and storages, without and with FCR—N.

4.1. Sizing based on long-term planning model

To determine the optimal sizing of the PP and DH contracts, the HP,
and storages HS & PS without FCR-N trade we solved the yearly plan-
ning model for the building based on heat and power demand data and
Nord Pool Elspot power price for 2020. This resulted in the following
sizing to be used in further analyses: PP: 0.5 MW, DH: 0.05 MW, HP:
0.15 MW, and HS: 2.0 MWh. The ground source HP operates by a con-
stant COP factor of 3.5, whereby it can produce a maximum of 0.525
MW heat. The capacity limit for DH is quite low, because the HP together
with a large HS can supply heat cheaply most part of the year.

In agreement with our earlier studies [47,48], a large HS was highly
cost-efficient, but optimal size for PS was 0, i.e., PS was not cost-efficient
without FCR-N trade. However, in the following analyses we also
include configurations with a 0.1 MWh PS (one Tesla Powerpack unit),
because we wanted to study if FCR-N trade can make the PS profitable.
An interesting observation was that including a 0.1 MWh, or 0.2 MWh
PS had practically no effect on optimal sizing of the other components.
The fixed annual costs for the studied configurations are (based on
Table 3) 24878 € without PS, 27286 € with 0.1 MWh PS and 32,033 €
with 0.2 MWh PS.

4.2. Operating costs in different configurations

For FCR-N trade we applied maximal bids calculated as presented in
3.2. In the following, we analyze and compare the following four
configurations:

1. Without PS, without FCR—N.
2. Without PS, with FCR—N.
3. With 0.1 MWh PS, without FCR—N.
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Table 4

Journal of Energy Storage 102 (2024) 114108

Annual operating costs in four configurations: without and with the PS; without and with FCR—N.

Operating costs (€)

Configuration

Difference

FCR-N Costs, Penalties, Revenue (€)

No FCR With FCR Costs Penalties Revenue
No PS 172 987 171 202 1785 357 19 —2161
PS 0.1 MWh 171 825 166 299 5527 363 55 —5945
Difference 1162 4904 6689 -6 -36 3784

4. With 0.1 MWh PS, with FCR—N.

Table 4 presents the optimized yearly operative costs in the four
configurations and FCR-N costs, penalties, and revenue in the corre-
sponding two configurations. Compared to the base case of without PS
and FCR-N trade, FCR-N trade lowers the operative costs by 1785 €,
while PS lowers the costs by 1162 €. The combined benefit from FCR-N
and PS is 6689 €. Because the combined benefit is much larger than the
sum of separate benefits, this indicates clear synergy between PS and
FCR-N trade.
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To assess the cost-efficiency of the PS, savings in operating costs must
be compared with the investment costs as annuity, which according to
Table 3 is 47,467 €/MWHh, i.e., 4747 € for the 0.1 MWh PS. This means
that the PS is not cost-efficient without FCR-N trade. With FCR-N trade
the PS lowers the annual operating costs by 4904 €, which makes the PS
(slightly) profitable.

FCR trade reduces the operating costs by 1785€ (1.0 %) without PS
and by 5527€ (3.2 %) with 0.1 MWh PS. The profitability of FCR-N trade
originates from the direct revenues of FCR-trade. The additional yearly
PP&DH energy costs are small, 357 € and 363 €, and penalties for
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Fig. 7. Results without PS — Power side operation. Diagram 1 shows yearly data without FCR-N.
Diagrams 2 and 3 illustrate results without and with FCR-N for a single day (May 18, 2020).
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unsupplied capacity are minimal, 19 € vs 55 € without and with PS,
correspondingly. Total yearly unsupplied FCR-N capacity was 1.9 MW
(out of 124 MW) vs 5.0 MW (out of 302 MW) without and with PS.
Because the hourly model approximates maximal hourly activation
conservatively, in reality the unsupplied capacity and penalties should
be even smaller.

4.3. Results on power side operation

Fig. 7 presents results without a PS on PP and HP power. The first
diagram presents the results without FCR-N for the full year. The full
year diagram with FCR-N is omitted because it looks almost identical.
The second and third diagram illustrate the operation without and with
FCR-N for a single day (May 18, 2020). The fourth diagram shows the
power price for the same day. Due to implicit demand response, the heat
pump does not operate during most of the day-time when power price is
high. While there are minor differences in PP and HP operation, in
general FCR-N affects building operation very little. Yearly PP for the HP
with FCR-N (414 MWh) is only 2 MWh smaller than without FCR-N trade
(416 MWh).

Fig. 8 presents results with PS on PP, HP power, and net charge of the
PS. Again, the first diagram presents the results without FCR-N for the
full year and the second and third diagrams illustrate the differences
without and with FCR-N for a single day. Implicit demand response shuts
again off the HP for most of the day-time due to high power price, and
the HS is discharged instead (see next section). The daily profiles of PP
and HP utilization are now quite different from the no PS cases due to
optimal charging and discharging of the PS. FCR-N activations make PP
use smoother while PS is charged and discharged more aggressively to
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respond to changes in HP operation. The number of yearly full charge/
discharge cycles for the PS is 386 without FCR-N and 473 with FCR—N.
The main effect of the PS is that it increases the FCR-N potential
significantly, resulting in larger activations. The FCR-N potential added
over the year is 302 MW with PS compared to 124 MW without PS.
The FCR-N activation for one hour may reduce the FCR-N capacity
for subsequent hours, and thus result in unsupplied activation power

PFRX in (5), but this occurs rarely. One reason is that up-regulations and
down-regulations mostly cancel out within some hours. Secondly, the
30 min recovery time for limited activation capacity resources allows
the building to recover at least partly its planned flexibility for subse-
quent activations.

The results show that requested FCR-N activation can be supplied
with high probability during the year in various operating situations.
Based on the load duration curve with PS for the full year (Fig. 9), the
unsupplied activation power is maximally 0.1 MW, a totally 5 MW
during the year, and it occurs only during 4 % of the hours (380 h / 8784
h).

In real life, the unsupplied activation power should be even lower,
because the model approximates the FCR-N conservatively, the DH
contract provides in practice extra sub-hour flexibility for up-regulation,
and it is also possible to increase flexibility for down-regulation occa-
sionally by over-heating the building a little without compromising
thermal comfort.

4.4. Results on heat side operation

Fig. 10 presents results without a PS in terms of HP heat production,
DH purchase and net charge of the HS. When the HP reacts to FCR-N

Fig. 8. Results with PS — Power side operation. Diagram 1 shows yearly data without FCR-N.
Diagrams 2 and 3 illustrate results without and with FCR-N for a single day (May 18, 2020).
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Fig. 9. Results with PS — Load duration curve for unsupplied FCR-N power (PFR¥),

Fig. 10. Results without PS — Heat side operation. Diagrams 1 and 2 show yearly data without and with FCR—N. Diagrams 3 and 4 illustrate results without and with
FCR-N for a single day (May 18, 2020).
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activation, that leads to adjusting heat side operation (Fig. 5). Overall,
FCR-N does not affect much the heat side operation. Comparison of the
yearly diagrams (first two) without and with FCR-N show that with FCR-
N the DH purchase is much more volatile during most of the year except
in the summer when no DH is used. Also, the yearly DH purchase with
FCR-N (10 MWh) is much larger than without (2.7 MWh). This means
that although DH capacity is quite low, it still contributes significantly to
the flexibility of the energy system to serve FCR—N. HP operation varies
actively between minimal and maximal (0.525 MW) heat production in
both configurations. The HS is charged with heat from the HP during the
early morning when the power price is low and discharged in day-time
when the power price is high.

Fig. 11 presents results with PS in terms of HP heat production, DH
purchase, and net charge of the HS. Again, the yearly diagrams (first
two) show that DH purchase is much more volatile with FCR-N than
without. Also, the yearly DH purchase with FCR-N (6 MWh) is larger
than without (2.7 MWh), but not as large as it was in the configuration
with FCR-N but without PS. Thus, the PS has significantly reduced the
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burden of DH to adapt to FCR—N.

The daily diagrams show small changes in HS operation due to
FCR—N. The yearly utilization of the HS is 200 charge/discharge cycles
without FCR-N (both without and with PS). With FCR-N HS utilization is
208 with PS and 215 cycles without PS.

4.5. Sensitivity analysis

Many of the results depend on factors that are uncertain, imprecise,
subject to change, or dependent on local conditions. Future case studies
should apply recent locally applicable estimates for such factors.

Normally fairly accurate estimates for costs and technical parameters
should be available for the energy technologies when planning the in-
vestment. Such factors affect the optimal configuration and dimen-
sioning but do not affect the operation and operational costs. Other
factors, such as the level of power price, DH price, and FCR-N capacity
price will vary during system lifetime and will affect the optimal oper-
ation and operational costs. We apply sensitivity analysis to evaluate

Fig. 11. Results with PS — Heat side operation. Diagrams 1 and 2 show yearly data without and with FCR—N. Diagrams 3 and 4 illustrate results without and with

FCR-N for a single day (May 18, 2020).
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Table 5
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Sensitivity analysis on PP price, DH price, and FCR-N with respect to base cases 2&4.

Operating costs (€)

FCR-N Costs, Penalties, Revenue (€)

Configuration No FCR With FCR Difference Costs Penalties Revenue
Base cases 2&4 171 825 166 299 5527 363 55 5944
PP price +10 % 188 985 183 472 5513 359 56 5929
PP price —10 % 154 650 149120 5531 364 55 5950
DH price +10 % 171 833 166 331 5502 392 56 5950
DH price —10 % 171 801 166 252 5549 323 56 5929
FCR-N price +10 % 171 825 165 710 6115 363 61 6 539
FCR-N price —10 % 171 825 166 887 4938 363 50 5 350

their impact on optimal operation.

Table 5 presents how optimal oper'jltion changes suI}iect to 10 %
increﬁse and decrease in PP price (cp; , DH price (cy: , and FCR-N
(chR price. As base cases, we use configurations 2&4 (Section 4.1)
with 0.1 MWh PS, without and with FCR-N trade. Increasing the power
price by 10 % leads to a little reduced HP operation and, to compensate,
higher DH consumption. Overall operating costs have increased slightly
>10 %. The effect on FCR operation and revenue from FCR trade is
minimal (—14€). Lower power price has similar but opposite effects.
Increasing the DH price by 10 % leads to lower DH consumption and
slightly higher HP operation. Overall operating costs increase only by
0.02 % because DH is responsible for a small fraction of heat acquisition.
Again, the effect on FCR operation and revenue from FCR trade is
minimal. Lower DH price has similar but opposite effects. Increasing the
FCR-N price by 10 % affects only the FCR revenue and penalties
increasing them by 10 %. Otherwise, the operation of the system re-
mains unchanged. We conclude that the profitability of the FCR-N trade
is very robust with respect to changes in power and DH price, but
directly affected by the price level on the FCR-N market.

Because the presented methodology initially optimizes the sizing of
the hybrid energy system without FCR—N, it does not necessarily lead to
global optimum with FCR—N. The main purpose of the energy system is
to satisfy the heat and power demand in all operative situations
economically, while FCR-N trade has a lesser effect on energy system
operation and economy. Therefore, the dimensioning without FCR-N is a
good starting point for seeking the optimum with FCR—N. We have
performed sensitivity analysis in terms of sizing HP, HS, and PS. Sensi-
tivity analysis shows that increasing:

» HP capacity from 0.15 MW to 0.02 MW increases total annual costs
by 1793 €

* HS capacity from 2.0 MWh to 0.2 MWh increases total annual costs
by 284 €

» PS capacity from 0.1 MWh to 0.1 MWh increases total annual costs
by 564 €.

This indicates that the obtained solution is at least a local optimum.

4.6. Discussion

Technological advancement and growing markets can be expected to
reduce investment costs and improve the efficiency of novel energy
technologies in the future, but energy prices for heat and power are more
likely to increase than to decrease. Such development should favor novel
and more complicated hybrid energy systems for buildings.

Based on sensitivity analysis, the profitability of FCR-N trade de-
pends most significantly on the price level of the FCR-N market. It is
hard to predict what will happen in the FCR-N market. Increasing
amounts of intermittent renewable power will increase the demand for
various reserves and tend to raise the price level but increasing the
supply of capacity by various actors has the opposite effect on the FCR-N
price.

The slight profitability of PS together with FCR-N is strongly
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dependent on PS investment costs and lifetime. The lifetime of the PS
can possibly be extended beyond the warranty period, or the battery can
alternatively be sold for some residual value on the second-life battery
market [64].

The purpose of the safety margins 0, in (3) is to reduce the proba-
bility of unsupplied activation power. Choice of 0, is not a pure eco-
nomic optimization problem, because the spirit of the FCR-N contract is
to allow non-supply only in forcing situations. The results were
computed by applying 0, = 1 %-(t-1) for hours t = 1, ..., 24 of each day.
Fig. 12 shows the effect of the safety margin on unsupplied FCR-N ca-
pacity and operating costs with PS. Doubling 0, reduces unsupplied FCR-
N power from 5 MW to 4 MW, but also increases yearly operating costs
by 590 € due to smaller revenue from FCR-N bidding. Setting 0, to zero,
increases unsupplied FCR-N capacity to 6.7 MW, but reduces operating
costs by 580 €. The ideal values for the safety margins need to be
adjusted based on real-life operation.

5. Model validation

The planning model without FCR-N has been validated for different
time horizons and different configurations of energy supplies and stor-
ages in connection to earlier studies by constructing the model incre-
mentally and validating each component first separately and then
together [47,48]. Also, the model has been tested on multiple buildings
of different types. Additional validation is needed for the method for
estimating FCR-N bidding potential and for the daily operative FCR-N
model developed in this study.

The daily FCR-N model was developed as an extension of the model
without FCR—N. Validation of the FCR-N model involved several steps.
First, with zero-size bids the FCR-N model was validated to be equiva-
lent to the model without FCR—N. This was confirmed both theoreti-
cally by analyzing the model structure and experimentally by ensuring
that the FCR-N model gave identical results to the model without
FCR—N. Secondly, the FCR-N model was tested with different size FCR-
N bids against actual history data to see that the results were feasible.
The FCR-N model approximates at hourly level the reaction to sub-
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Fig. 12. Effect of safety margin (¢) on unsupplied FCR-N capacity and oper-
ating costs with PS.
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hourly activation of FCR—N. Therefore, the hourly results of the model
were compared against minute-level historical data on grid frequency
and resulting FCR-N activations to validate that the system responds to
the actual activation requests properly. The optimality of the hourly
demand response was confirmed by verifying that the different flexi-
bility mechanisms (PS, HP, HS, DH, see Fig. 5) were employed in merit-
order depending on the current operating situation. Thirdly, the entire
daily model was validated by simulating operation over the days of a full
year. This involved verifying that the cumulative effect of subsequent
up- or down-activations affects the state of storages (PS, HS) properly,
resulting sometimes in reduced flexibility for future hours. The inability
to respond to FCR-N activation was correctly observed as a positive
value for the variable PFR¥,

Estimation of maximal FCR-N bidding potential was validated to lead
to feasible models for individual hours. However, to consider the
reduced flexibility due to the cumulative effects of previous activations
on storages, a heuristic approach using safety margins (o) to reduce the
bids was introduced. Sensitivity analysis was used to verify that
unsupplied FCR-N capacity decreased monotonically and (net) oper-
ating costs increased monotonically when o was increased. See Fig. 12
for the effect of the safety margin on the model with PS.

6. Conclusions and future research

We have developed a new methodology for optimizing the explicit
demand response trade in the daily FCR-N market and operation of a
building with a hybrid energy system that includes DH and PP contracts,
ground source HP, and storages for heat and power (HS, PS).

Optimal FCR-N operation is simulated by a novel LP model on hourly
time resolution. Testing the model on a sample building showed that
FCR-N trade is profitable, and PS can be cost-efficient together with FCR-
N trade. The methodology is general and extends easily to other building
energy solutions. FCR-N trade has proven to be profitable for building
with a hybrid energy system. For example, a specific building experi-
enced an annual benefit of €5527 from FCR trade, equating to approx-
imately a 3 % reduction in annual operating costs. This decrease, though
seemingly modest, can improve the financial situation of the building's
owner or operating company, providing a tangible economic advantage
and enhancing overall operational efficiency.

The current study applied a deterministic technique to estimate FCR-
N bidding potential. Further research on more advanced stochastic
bidding techniques could use the presented LP model to test and
compare them. While the current model approximates the FCR-N acti-
vations conservatively using hourly time resolution, actual FCR-N
regulation must occur in seconds or minutes. It would be interesting

Appendix A. Yearly planning model
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to adapt the model for shorter time resolution for more accurate results
and to evaluate if that can make FCR-N trade even more beneficial.

Based on our research and historical data analysis, there is potential
for financial gains for buildings engaging in explicit demand response in
the daily FCR-N market. Additionally, it is worth noting that power
storage was found to be cost-efficient only when combined with FCR
trade. These results and the presented novel methodology for building
hybrid energy system optimization offer researchers a valuable foun-
dation for further exploration into the integration of demand response
strategies and energy storage solutions in building design and operation.
Moreover, they provide industry stakeholders with practical tools and
information for implementing energy-efficient technologies that can not
only increase cost-efficiency but also contribute to a greener energy
landscape.

This study demonstrates that based on the current prices of PS used,
economic feasibility for PS in hybrid energy systems is only achievable
through participation in the FCR-N market. Without future price re-
ductions on PS technologies, this remains the sole viable path. Future
research should explore other Frequency Containment Reserve (FCR)
products to assess their impact on the economic feasibility of PS in
hybrid energy systems within buildings.
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The yearly planning model is a modified version of the LP/MILP model presented in [47]. The planning model solves the optimal sizing and
operation of the building energy system minimizing combined fixed and hourly operative costs for the energy supply units U = {PP, HP, DH} and
storage units S = {HS, PS} over the time horizon t =1, ..., T. When used for sizing, the time horizon is a full year with investment costs as annuities.
Compared to the earlier model, this model excludes photovoltaic power and cooling, but the power storage model is more detailed. Also, here the
configuration is fixed, i.e., inclusion or exclusion of different energy supplies and storages is not optimized using binary variables.
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Sue = My St + 1, Sy — sff;?Tl/nS‘”; (A.6)
SgﬂN <su < Sﬁ/IAX; (A.7)
0 < sy < siMAX; 0 < sOUT < sOUTMAX, (A.8)
SOVl = st —s00 15 L T, (A.9)
Swo = Syr;U St (A.10)

The objective function (A.1) minimizes the combined operating and fixed energy costs for the building. The first summation adds up operating
costs over the hours in the planning horizon, second summation is the fixed costs for energy supply units, and the last summation is the fixed costs of
storages. Heat and power balance constraints (A.2, A.3) state that energy supply minus net charging of storage must match the hourly demand. In A.4,
the heat pump converts power into heat by an efficiency ratio . (COP-factor). The COP-factor depends on outdoor temperature in case of an air-
source HP, but is typically constant for ground source HP. Constraints A.5 set capacity limits for all energy supply units: HP, DH, PP. Dynamic

constraints (A.6) determine the storage level at end of each period based on previous storage level and charge&discharge during current period

applying efficiency ratios n, n'V, and n9U" to model losses during storage, charge, and discharge, correspondingly. Constraints A.7, and A.8 limit the

storage level and charge&discharge rates. The net charge rate (A.9) is the difference between charge rate and discharge rate. Unlike the other LP
variables, the net charge rate can be negative. The initial and final storage levels (s,o; s,r) are set equal in A.10.
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